There is a strong demand for covering a large area autonomously by multiple UAVs (Unmanned Aerial Vehicles) supported by a ground vehicle. Limited by UAVs' battery life and communication distance, complete coverage of large areas typically involves multiple take-offs and landings to recharge batteries, and the transportation of UAVs between operation areas by a ground vehicle. In this paper, we introduce a novel large-area-coverage planning framework which collectively optimizes the paths for aerial and ground vehicles. Our method first partitions a large area into sub-areas, each of which a given fleet of UAVs can cover without recharging batteries. UAV operation routes, or trails, are then generated for each sub-area. Next, the assignment of trials to different UAVs and the order in which UAVs visit their assigned trails are simultaneously optimized to minimize the total UAV flight distance. Finally, a ground vehicle transportation path which visits all sub-areas is found by solving an asymmetric traveling salesman problem (ATSP). Although finding the globally optimal trail assignment and transition paths can be formulated as a Mixed Integer Quadratic Program (MIQP), the MIQP is intractable even for small problems. We show that the solution time can be reduced to close-to-real-time levels by first finding a feasible solution using a Random Key Genetic Algorithm (RKGA), which is then locally optimized by solving a much smaller MIQP.
I. INTRODUCTION
As the agricultural industry in east Asia suffers from increasingly severe labor shortage, the need to automate away as much work as possible is pressing. As a result of this automation trend, the market for autonomously spraying pesticides and fertilizer with Unmanned Aerial Vehicles (UAVs) have been growing quickly (Fig. 1 ). In fact, the market for pesticide-spraying UAVs will expand fifteen times from 2016 to 2022, according to a survey conducted by Seed Planning, Inc. [1] .
To cover large farmland, it is necessary to deploy a team of multiple ground and aerial vehicles because the area which can be covered with a single take-off and landing by one UAV is limited by its battery life and maximum communication distance. In such deployments, a ground vehicle is used to recharge UAV batteries and monitor the UAV fleet.
Coverage path planning (CPP) is a class of algorithms that find paths for one or multiple robotic agents that completely cover/sweep a given task area. It is an essential component for applications such as room floor sweeping, coastal area inspections [3] , 3D reconstruction of buildings [4] , and, of 1 Faculty of Mechanical Engineering, Carnegie Mellon University, 5000
Forbes Ave, Pittsburgh, PA 15213, USA. dengd@andrew.cmu.edu 2 A*STAR Artificial Intelligence Initiative (A*AI); and Dept. of CS, IHPC, A*STAR; 1 Fusionopolis Way, Singapore 138632 jing wei@ihpc.a-star.edu.sg (a) Farmlands in Niigata, Japan (b) A UAV spraying pesticide [2] Fig. 1: UAV for agricultural application course, autonomous pesticide and fertilizer spraying (also known as crop dusting) [2] , [5] . As we will detail in the rest of this paper, autonomous crop dusting by a fleet of UAVs and a ground vehicle poses interesting and unique constraints that existing CPP planners cannot handle effectively. Our contribution is a novel, fast planner for crop dusting which provides locally optimal paths that satisfy the aforementioned applicationspecific constraints.
The rest of the paper is structured as follows: after related work is reviewed in Sec. II, Sec. III gives a mathematical description of the heterogeneous vehicle coverage problem and our proposed planning framework; Sec. VIII takes Niigata's (a prefecture in Japan) farmland ( Fig. 1a) as an example to demonstrate the effectiveness of our algorithm.
II. RELATED WORK
According to surveys conducted by Galceran and Carreras [6] and Choset [7] , CPP algorithms can be classified into two broad categories: cellular decomposition and grid-based methods. Cellular decomposition partitions general nonconvex task areas, typically in the form of 2D polygons, into smaller sub-regions with nice properties such as convexity [8] , [9] , [10] , [11] . In the partitioned sub-regions, coverage path patterns can then be easily generated using zig-zag or contour offset [12] . This technique can be readily extended to multiple agents by adding a planning step that assigns sub-regions to agents in the fleet. Although existing partitioning techniques have implicit notions of optimality such as path efficiency (e.g. total turning angles) [8] , they do not jointly optimize multiple objectives, which is important for finding sub-regions in which a fleet of UAVs can efficiently operate. In addition, despite specialized CPP algorithms that can handle specific types of constraints [13] , [14] , existing techniques are not good at finding optimal paths which also satisfy more general and complex constraints that are crucial for crop dusting. On the other hand, grid-based methods, as the name suggests, discretize the task area into uniform grids. Cells in the grid can be interpreted as a nodes of a graph, so that graph search methods such as Traveling Salesman Problem (TSP) or vehicle routing problem (VRP) can be applied to find paths that visit all nodes [15] , [16] . However, the discretization makes it difficult to enforce the constraint that pesticides should not be sprayed in non-farmland areas, especially when the boundary of such areas lies inside cells. This can be somewhat relieved by increasing the resolution of the grids, but doing so artificially inflates the problem size and increases solving time [17] .
Primarily due to its Turing completeness, Mixed-Integer Programming (MIP) has been applied to many flavors of planning problems [18] , [19] , [20] . However, MIPs have exponential worst-case complexity and typically do not scale well in practice.
In this paper, we propose a coverage planning framework that both capitalizes on the expressiveness of MIPs to satisfy constraints, and accelerates MIPs by finding good, feasible initial guesses using Genetic Algorithms (GA). We also propose a GA-based partitioning method that optimizes multiple objectives.
III. OVERVIEW Patches of farmland are abstracted into (possibly non-convex) polygons in R 2 . The task is to design paths for all UAVs and ground vehilces that • completely cover the given polygons, • cannot fly during spraying above designated areas inside the farmland (obstacles), such as warehouses or pump stations, • minimize the UAV flying distances, • respect UAV battery life, and • ensure the ground vehicle stay within the communication radius of all UAVs. Our proposed solution as shown in Fig. 2 is composed of the following four sequential steps.
1) Partitioning operation area: As the entire target area is too large to be covered without recharging, the target area is first partitioned into smaller pieces, or sub-areas. The size of each sub-area is limited by the number of UAVs in the fleet, the UAV's battery life, and the communication radius of UAVs.
2) Trail generation: In each sub-area, multiple UAV flying paths (trails) which completely covers the sub-area are generated based on the UAV's coverage width (analogous to a camera's field of view).
3) UAV path planning within sub-areas: Trails need to be assigned to individual UAVs in the fleet. Moreover, each UAV's assigned trails need to be connected. The assignment and the connecting paths are found by solving an optimization which minimizes the flight distance of the entire fleet.
4) Car routing between sub-areas:
After covering one sub-area, the UAV fleet returns to a ground vehicle (car) to get recharged and transported to the next sub-area. This step finds a path that visits all sub-areas and minimizes the distance traveled by the car.
IV. PARTITIONING OPERATION AREA
First, the boundaries of farmland and the obstacles are extracted from Google Maps, as shown in Fig. 1a . The farmland polygons, denoted by (⇢), are then split into subareas (⇢ 1 , ⇢ 2 , . . . , ⇢ n ). As stated in in Sec. III-.1, the size of the sub-area is constrained by the number of UAVs in a fleet, K, their maximum pesticide spraying area, A max , and maximum communication distance between the fleet and remote controller L. Another objective of partitioning is to split the original polygon into "round" rather than "skinny" sub-areas, so that it is easier for UAVs to stay close to the ground vehicle.
Thus, the total number of sub-areas, n, equals to the area of ⇢ divided by the maximum area that K UAVs can cover, that is n = d A(⇢) KAmax e. If the size of partitioned sub-regions are larger than the maximum area, KA max , or the maximum radio transmission distance, we will increase the number of sub-areas until reading a feasible solution.
A Genetic Algorithm (GA), similar to Algorithm 2 but with a different definition of chromosomes and fitness function, is used to find a relatively balanced division based on the area and dimension constraints.
1) Definition of chromosomes:
The population of GA is a 3d array P 2 R N ⇥n⇥2 , where N is the number of chromosomes. P i [j] 2 R 2 is the gene of the chromosomes. It is a 2 dimensional coordinate of a point inside farmland ⇢. P i 2 R n⇥2 is a chromosome, representing the coordinates of a list of n seed points illustrated as blue points in Fig. 3 .
2) Evaluate the fitness of a chromosome: At each iteration, a partition is generated by computing the Voronoi Diagram of the seed points in a chromosome ( Fig. 3) . The fitness of a chromosome is defined as:
where 2 is the variance, µ is the mean, A(P i ) and C(P i ) are the list of all areas and perimeters of sub-regions generated from Chromosome P i and ! i 2 R are the weights. The first term in the fitness function minimizes the variances of the areas; the second term is heuristics for sub-areas to be more "round"; the third term minimizes the maximum perimeter among all sub-regions. After evaluating the fitness of all chromosomes, the ones with the highest fitness, together with some random offsprings generated by cross-over and mutation, are passed on to the next iteration until the fitness converges. The partitioning result of the proposed method is shown in Fig.  3 .
V. TRAIL GENERATION WITHIN SUB-AREAS
Mitered offset is a commonly used tool in CAM (Computer-Aided Manufacturing) software to generate tool paths [21] . As the UAVs sweep a sub-area in a similar way as a CNC (Computer Numerical Control) mill cuts profiles in a workpiece, mitered offset is employed to generate polygonal paths, or trails, which completely cover the designated subarea, even when the sub-area has obstacles, as shown in Fig.  4 . Trails generated in this way are preferred over zig-zag paths because they contain significantly less sharp turns. After generating coverage trails for a sub-area, the next step is to assign the trails to a fleet of UAVs. An assignment, which we will call a plan, is defined as • the sequence of trails each UAV visits, and • the entry/exit points on each trail.
Note that each trail is assigned to only one UAV. As UAVs need to fly at a fixed altitude during spraying, constraining them to fly on trails that do not cross each other significantly reduces the chances of collision.
As an example, a simple plan of a fleet of one UAV is shown in Fig. 5 . In this plan, UAV 1 starts at x 11 , traverses Trail 1, returns to x 11 , flies to x 12 following the green dotted line, traverses trail 2, returns to x 12 and finishes the plan. We will refer to x 11 and x 12 as the access points of Trail 1 and Trail 2, respectively.
A plan also needs to satisfy the following requirements:
• each trail is assigned to exactly one UAV, and • each UAV needs to complete its assigned trails within battery constraint. The assignment should also minimize the total flight distances of all UAVs in the fleet.
In this section, we show that the search for the optimal assignment can be formulated as an MIQP. However, the full MIQP has too many binary variables, thus becomes intractable for practical (moderately large) problems. To circumvent this limitation, we first search for a feasible assignment using Genetic Algorithm, which fixes most of the integer variables. A much smaller scale MIQP is then solved to find the access points to locally optimize the path.
A. Convex hull formulation
First, we demonstrate how to describe the constraint that a UAV stays on a trail using linear equalities and inequalities. Mathematically, this constraint means x 2 R 2 belongs to the union of some line segments, where x is the UAV's coordinate.
As shown in Fig. 5 , a trail consists of the edges of a polygon. Each edge, denoted by l i , is a line segment, which can also be written as the following convex set:
where Matrix A i and Vector b i are the collection of the linear constraints in Eq. (2a). An example of the constraints that define l 3 is shown in Fig. 5 . Fig. 5 : Schematic diagram of trails and their constituent edges. Black triangles represent two trails. l i represent edges, or line segments. n 0 is normal to the plane that contains l 3 . n 1 and n 2 are orthogonal to n 0 . Numbers in brackets are the coordinates of the vertices of Trail 1.
x is on the trail indexed by j and can be formally written as
where I j is the set of indices of all edges which belong to Trail j. As an example, for the trails shown in Fig. 5 ,
The constraint stated in Eqn. 3 can be converted to the following mixed-integer implications [22] :
where H is a vector of binary variables. The constraint stated in Eqn. 4 means that x belongs to Line Segment l i if H i = 1 (H i is short for H[i], the i-th element of H). This implication can be further converted to a set of linear constraints using the convex hull formulation [22] :
A
where x lb , x ub 2 R 2 are the lower and upper bounds of Trail j. For instance, x lb = [0, 0] and x ub = [2, 1] for Trail 1 in Fig. 5 .
B. Full MIQP formulation
This sub-section formulates the optimal assignment searching problem defined at the beginning of Sec. VI, as an MIQP. The objective of this MIQP is to minimize the total distance traveled by all UAVs in the fleet. Since the optimization has a constraint that all trails must be assigned, the cost function, given by Eqn. 10, only needs to account for distances traveled between trails:
min.
x,H
In Eqn. 10, K 2 N is the number of UAVs in the fleet; T 2 N is the planning horizon; x is a 3-dimensional array of shape (K, T, 2); and x kt 2 R 2 is a shorthand notation for the slice x[k, t], which is the coordinate of UAV k at planning Step t. x kt is also the coordinate at which UAV k enters and exits its assigned trail at Step t.
The MIQP also needs to satisfy the following constraints:
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where N t is the total number of trails; L is the total number of line segments (l's) in all trails; I i is the set of line segments indices of Trail i; C i is the perimeter of Trail i; D is the maximum distance a UAV can travel with one battery charge; H is a 3-dimensional binary array of shape (K, T, L). Constraint (11) means if H ktl = 1, UAV k is on Line Segment l at Step t. It can be expanded into linear constraints using Eqn. 7 to 9. Constraint (12) means each UAV cannot appear on more than one line segment at each planning step. Constraint (13) guarantees that each trail is assigned exactly once to one UAV. Eqn. 14 ensures that each UAV can traverse all of its assigned trails without changing batteries. After obtaining the optimal solution, the plan can be constructed from the solution as follows:
Looping through all k and I i recovers the sequence of trails assigned to each UAV. • For each UAV, the entrance/exit point of each of its assigned trail can be calculated using Eqn. (7) . The MIQP formulated in this sub-section has K ⇥ T ⇥ L binary variables, which quickly becomes intractable even for moderately-sized problems: the planner simply has too many decisions to make. To reduce the number of binary variables, we decompose the planning problem into two stages: 1) A relative good trail assignment is obtained using a combination of Random Key Genetic Algorithm (RKGA) and Modified Vehicle Routing Problem (MVRP). (detailed in Sub-sec. VI-C) 2) A smaller MIQP is solved to optimize access points over the fixed trail assignment. (detailed in Sub-sec. VI-D) Although global optimality is sacrificed, the proposed twostep optimization approach has proven to generate good enough plans within a reasonable amount of time.
C. Finding good trail assignment with RKGA and MVRP Genetic Algorithms are used to search for "optimal" solutions by evolving a set of feasible solutions, or a population of chromosomes, until the maximum generation achieved, or the termination condition is meet.
1) Chromosomes:
To solve the trail assignment problem, we structure the population as a matrix, P 2 [0, 1) N ⇥Nt , where N is the number of chromosomes, and N t the total number of trails in a map. P i , the i-th row of P , is a chromosome. P i [j] 2 [0, 1) can be mapped from an access point on Trail j using the following encoder function (E : R 2 ! [0, 1)):
where x 2 R 2 is the coordinate of a point on a trail, v i 2 R 2 the coordinates of the vertices of the trail, v k v k+1 the line segment between v k and v k+1 , and C the perimeter of the trail. E(x) represents the normalized distance of x from v 0 measured along the perimeter of the trail. The encoding allows generating feasible access point candidates via random sampling [23] . An example of such encoding is shown in Fig. 6 . 
where p is the encoded value of Point x, and k is such that [assignment, tourLength] MVRP(X, K, Trails) 7: fitness.append(tourLength) 8: assignments.append(assignment) 9: end for 10:
[P , fitness, assignments] Sort(P , fitness, assignments) 11: return P , fitness, assignments 2) Evaluating fitness of a population: The function defined in Alg. 1 evaluates the fitness of every chromosome P j in a population P . Trails in Line 1 refers to the coordinates and encoded values of the vertices of all trails.
Each P j is first decoded into 2D coordinates of access points of all trails by repeatedly calling Eqn. 16 (Line 5). After the access points are fixed, the problem of assigning trails to a fleet of K UAVs is equivalent to a variant of the Vehicle Routing Problem (VRP) with capacity constraints and arbitrary start and end points [24] , which we term as the Modified VRP (MVRP). The input to the MVRP is a fully-connected graph whose nodes are made up by X, the decoded chromosome. Accordingly, the fitness of a chromosome can be defined as the length of the longest tour (tourLength in Line 6), which can be interpreted as the maximum flight distance among all UAVs. The MVRP can be efficiently solved by an open source combinatorial optimization software called OR-Tools developed by Google AI [25] . The function call to solve MVRP (Line 6) returns the optimal assignment of trails to UAVs together with the fitness of P j . Lastly, the population and the corresponding trail assignments are sorted in ascending order by their fitness values (Line 10). [P , fitness, assignments] EvaluateFitness(P new , N , N t , K, Trails) 10: end for 11: return P 0 , assignments[0]
3) Evolving the population: Alg. 2 evolves a population using Genetic Algorithm, with fitness of chromosomes evaluated by Alg. 1. Firstly, a population is initialized by uniform sampling between 0 and 1 (Line 1). The population's fitness is also initialized (Line 2). Secondly, the population is evolved using the classical genetic algorithm: parents are randomly selected (Line 4); off-springs are created by crossover (Line 5) and mutation (Line 6); and the next-generation population (P new ) is created by combining current-gen elites and off-springs (Line 7). After a fixed number of iterations, the fittest chromosome P 0 and its UAV assignments are returned (Line 10).
D. Reduced MIQP for access points optimization
With a fixed trail assignment returned by Alg. 2, a smaller MIQP with L binary variables can be formulated to locally optimize the access points. The objective of this MIQP is given by:
where x 2 R 2⇥Nt , x i (Row i of x) is the access point of Trail i, O(k, t) is a function that returns the index of the trail assigned to UAV k at Step t. This function is completely defined by a given trail assignment.
The following constraints confine x i to Trail i: Although global optimality is not guaranteed, the local optimization can still make a significant improvement over the feasible solution returned by Alg. 2. The MIQP problem is solved with Drake [26] , an open-source optimization toolbox with interface to Python. As shown in Fig. 7 , MIQP optimizes the positions of access points obtained by MVRP-RKGA to reduce inter-trail distances by 37%(left) and 12%(right). Moreover, it only takes the solver 0.09s (left) and 0.83s (right) to find these locally optimal solutions.
VII. CAR ROUTING GPS information of roads around and inside the farmlands is extracted from OpenStreetMap [27] , as shown in Fig. 8 .
Fig. 8: Road extracted from a map
The extracted road network is represented as a graph G road = (V road , E road , W road ), where v 2 V road represents parking spots, e 2 E road denotes road segments and W road is the distance of the road segment connecting two intersections.
A. Car routing within sub-area After identifying the routes for UAVs, we will assign UAVs' take-off and landing spot (car location) in each sub-area to minimize the total flight distance between start/end access points and the distance traveled by the ground vehicle (car):
where P car is the position of the ground vehicle and P uav(k) is the position of the k th UAV. Assuming that the car can only dispatch and receive UAVs at V road in each sub-area and yellow dots represent all possible positions of the car. Therefore, the route of the car within the sub-area is the shortest path from a red dot to a green dot along the weighted road graph. Fig. 9 : UAVs' release and landing spots on road. '⇥' and '⇥' denote the start and end access points of UAVs in the planned trails, while red and green dots are the chosen takeoff and landing positions for UAVs. The blue line is the car route from start to end position.
B. Car routing between sub-areas
Given the start and end locations of the car in each subarea, we would like to find the shortest path of the car to visit all sub-areas. As the start and end positions of the car in each sub-area sometimes are different, this problem is formulated as a Asymmetric-cost Traveling Salesman's Problems (ATSP), which can be solved with Google OR-Tools [25] . Each sub-area is considered as a node, while the distance from Sub-area i to Sub-area j equals to the length of shortest path from the final car position in Sub-area i to the start car position in Sub-area j.
VIII. RESULTS AND DISCUSSION
We use the following set of UAV specifications based on the agriculture drone T16 released by DJI [28] when generating the numerical results in this section. Each UAV has a flight endurance of 10 minutes. All UAVs cruise at a speed of 6m/s with 6.5m coverage width. During each take-off and landing cycle, 10 minutes is spent on spraying pesticides and 5 minutes on traveling between the farmlands and a ground vehicle (car). The car only releases and picks up UAVs at intersections of roads in the given map. Furthermore, the car must always stay within the transmission distance of all UAVs in this example we set 500m.
We tested the area partitioning algorithm with multiple maps based on the maximum coverage area for a fleet of UAVs and the maximum communication distance between the UAVs and the car. Compared with the most common approach of assigning sub-areas to UAVs [29] , [3] , [30] , [16] , [31] , our approach reduces the total number of turns from 48 turns to 16 turns as demonstrated in Fig. 10 for the miteredoffset path. The partition in Fig. 11 was generated using a population of 200 chromosomes, and 15 iterations takes 7s on a 2.7 GHz Intel Core i5 laptop. The next step is to generate paths within sub-areas. In many situations, paths generated by mitered-offset are shorter, have less turning angles and total number of turns than zig-zag paths. (Table I and Fig. 12 ). Next, in each sub-area, mitered-offset trails are assigned to UAVs using MVRP-RKGA and MIQP. The trail assignments generated by MVRP-RKGA100 (MVRP-RKGA with a population of 100) are shown in Fig. 14. The access points generated by MVRP-RKGA100 are shown as connected by red line segments in Fig. 13 . The access points improved by the MIQP in Sub-sec. VI-D are shown in the same figure, connected by green lines. Compared with MVRP-RKGA100, access points further optimized by MIQP can reduce flying distances between trails by up to 50%, as shown in Table II . The total computation time of MVRP-RKGA100 and MIQP is less than 4 minutes when running on a 2.7 GHz Intel Core i5 laptop.
Execution of a full plan for a fleet of four UAVs and one car, including the planned UAV paths in Fig. 14 planned car paths in Fig. 16 , is simulated in the Simulinkbased 3D environment shown in Fig. 15 . The heterogeneous fleet successfully covers the given farmland. The operation time in each sub-area is illustrated in Table III . Assuming the time for swapping battery and the car traveling between sub-areas takes 10 min, it takes 1.5 hours to cover the farm with an area of 617,210 m 2 . 
